Although sugarcane-trash (SCAR) energy represents a third of all sugarcane energy content, it continues to be the least studied of sugarcane agro-industrial residues. SCAR and bagasse moisture content were studied during the 2009-2010 and 2010-2011 milling seasons. It was determined that the percentage of dry and green matters represented 69% and 31% of the mass of SCAR, respectively. From an energy point of view, it was also established that there are no significant differences between the green and dry components of SCAR. Different analyses were carried out to estimate the High Heating Value (HHV) and Low Heating Value (LHV) of SCAR. In addition, meteorological factors and their influence on the moisture content of SCAR were studied during both milling seasons, and the variation in the energy content of SCAR during this period was controlled monthly. Regression models to SCAR moisture content forecasting were built and validated. The meteorological and geographical constrictions pertaining to the use of those models are discussed. Methodology to assess the feasibility of SCAR energy use was proposed.
Introduction
Among the main solid residues from sugar and ethanol production are sugarcane bagasse ( Fig. 1 ) and sugarcane-trash 1 (SCAR), also known as sugarcane agricultural residues (Fig. 2) . The principal feedstock for sugar and ethanol production is the cane juice (sucrose + H2O + molasses and insoluble). The great advantage of sugarcane as a feedstock for sugar and ethanol production is that sugarcane bagasse has enough energy content to meet the energy demands of both the sugar and ethanol manufacturing processes. It is to say, sugar and ethanol production are self-sufficient processes from the energy point of view. During both the sugar and ethanol manufacturing processes the cane is crushed. As a result of this operation, usually, a surplus amount of bagasse remains, which can be used to satisfy other energy necessities 2 . This surplus energy can be used to supply electricity power generation and it is a relevant sale to the public grid.
The possibility of SCAR energy use depends on the sugarcane harvesting method utilized. There are two harvesting methods: manual cut and mechanized harvest. In order to facilitate the manual cut method, in many places sugarcane is burnt before harvesting. All of these are pressing issues, but regrettably SCAR energy use remains almost nonexistent across the world. Some research has been reported on the necessity of SCAR energy, its environmental advantages, techno-economic feasibility, and socio-economic impacts diminution (Beeharry R.P., 2001; Suleiman et al, 2005; Alonso Pippo et al, 2007; Walter and Ensinas, 2010; Alonso Pippo et al,2011a ; Alonso Pippo et al, 2011b ) . In other published works, the use of SCAR is assumed as a fait accompli in the practice or as a prerequisite for implantation of biomass conversion advanced technologies (Larson E.D. et al., 2005; Macrelli et al.,2012; Marina O.S. et al.,2012) . Diverse projects on large scale SCAR and bagasse use were carried out in Cuba (Egusquiza, 1994; Cruz et al., 1996) and in Mauritius (Deepchand, K., 2005) in the 1990's. Nowadays, large and demonstrative scale projects have been carried out in Brazil on SCAR energy use (Ripoli Cannavam, 2006) . Despite the previously mentioned studies, SCAR energy is still underutilized, and the reasons why still plague the sugarcane agro-industry across the world.
The main questions should be answered to understand why SCAR energy is still underutilized in this day and age:
 Are existing sugarcane harvesting methods suitable to guarantee the efficient use of SCAR energy?  Are sugar mills really ready to use SCAR energy?  Is SCAR energy content enough to encourage its energy use during the milling season?  How much of the energy that remains in the field during the milling season is useful as SCAR energy?  How much energy could really be recovered from SCAR during the milling season?  How can SCAR energy content be calculated during the milling season?
From the questions above it is easy to see that the use of SCAR energy is a complex problem that demands multidisciplinary study. For this reason, the present work focuses on answering the final four questions above. It is impossible to carry out a study on the storage time of SCAR without analyzing the relevant incident factors associated with the above listed questions. Although the main focus is on the analysis of SCAR energy content and its variance during the course of the milling season, the cause-effect relations with others variables should also be investigated.
Since the techno-economic feasibility of using SCAR energy depends on the total energy content, its enhanced understanding will undoubtedly contribute to improved decision making on this important topic.
SCAR energy Availability and Energy Content
The availability of SCAR energy has been previously studied and reported. In Cuba, several full scale trials were carried out. Until the 1990's several Cuban sugar mills used various SCAR-bagasse blends 3 as boiler fuels during the milling season with success (Egusquiza, F.J, 1994; Cruz, G.V.1996 ) . Reports by Deepchand (Deepchand, K., 2005) and Beeharry (Beeharry R.P., 2001 ) on SCAR energy use in Mauritius helped to contribute to the field, however heating value variations were not assessed in these works. Additionally, there are several published works based in Brazil (Braunbeck, O. et al. 1999; Braunbeck, O. et al. 2008) . One study indicated that the energy content of SCAR is similar to bagasse energy content (Zanzi, R. et al. 1996) . Based on the results of previous studies, it could be concluded that between 33-60% of sugarcane mass is SCAR. Table 1 shows a summary of available SCAR mass and its estimated energy content from previous reports. The results vary significantly due to the fact that the sugarcane varieties and methodologies used in each of the studies were different. From Table 1 it can be concluded that at least 30% of sugarcane mass (dry basis-(db)) corresponds to SCAR.
SCAR energy availability essentially depends on the sugarcane harvesting method and the agronomic constrictions 4 . SCAR energy content is variable and depends on many factors, among them climatic factors. Both SCAR availability and its energy content determine whether SCAR energy use will be techno-economically feasible or not. In order to illustrate the importance of this previous statement, it is important to point out that during the 2010-2011 milling season 620,132 x 10 3 tons of sugarcane were processed in Brazil. Assuming that 30% of the sugarcane mass is SCAR (186,039 tons), that a quarter of this figure can potentially be used (46,509 tons), and an average SCAR Low Heating Value (LHV) of 8 MJ.kg -1 , the energy content of SCAR during the 2010-2011 milling season in Brazil would be 8.629 x 10 6 tons of oil equivalent . This amount of energy is equivalent to about $862.9 x10 6 USD 5 (Oil Price. NET,2012 ; Fuel Oil Price,2012 ) .
On the other hand, a simple decrease in the SCAR LHV from 8 MJ.kg -1 to 6 MJ.kg -1 can mean a significant loss of 2.157x 10 6 oil equivalent tons with a value of $215.7x 10 6 USD. Regarding the huge amount of SCAR produced during the milling season, it is very important to know how SCAR energy content varies during the milling season. 
Theoretical Framework

Energy content estimation
The energy content of lignocellulosic biomass is commonly expressed by its High Heating Value (HHV) or by its Low Heating Value (LHV), both expressed in [MJ.kg -1 ].
Because the most probable use of SCAR, currently and in the near future will be as boiler fuel, the better parameter for estimating SCAR energy content in this case is the LHV as received or the way it is in the field (LHVar.)
The relationship between HHV, LHV, and biomass moisture content may be correlated by the formulas (1), (2), (3) (Cordero T. et al.,2001 ;Energy research Center of Netherlands, 2010).
LHV ar = HHV ar -2.442· {8.936 H/100 (1-M/100) + M/100} (1) It is easy to see from (1) that LHVar is inversely proportional to M. The moisture content also has a negative effect on the amount of useful energy generated from combustion, transportation, and handling costs. From a techno-economic perspective, the fuel moisture content influences the price of fuel, since higher moisture content means a lower LHVar value.
Like any biofuel, the use of SCAR energy depends crucially on the energy balance 6 and it also requires energy store. If the heating value/energy consumption rate (5) of SCAR decreases to a value less than 1, its energy use would be unfeasible from techno-economical view point. For this reason, it is very important to know the variation in the heating value figures and in the moisture content during the milling season.
In practice, oil and its derivates are used in the handling and transportation of SCAR. Therefore, the energy spent for the use of SCAR depends on the price of oil, because the oil energy is substituted for SCAR energy. In the present study, the following formula is utilized to express the feasibility of SCAR use (Kumar, A. et al., 2002) : (Gbaha P. et al., 2007) . Because there is not an established law which explains conclusively the complex drying-reabsorption mechanism, most of the works carried out on this issue are experimental.
The kinetic nature of the SCAR drying process is out of the scope of the present work, but the effect of this complex process and the influence of meteorological factors on the moisture content are crucial for determining the actual energy content of SCAR during the milling season. The moisture content of SCAR will depend on climatic variables such as air temperature, relative air humidity, rainfall, solar radiation, and wind velocity. The pertinent collection of these parameters was conducted during the present study. Meteorological data was used to establish its influence on the energy content of SCAR during the milling season.
Influence of meteorological data on the energy content of SCAR
In order to establish the influence of the above mentioned meteorological factors on the moisture content of SCAR and therefore on its LHVar, a statistical model was developed based on the following premises: number of observations, statistical criteria involved in multiple regression analysis and partial correlation coefficients determination, logic criteria derived from the nature of the studied phenomenon, and the allowed tolerances for these kinds of engineering estimates. The main goals of the statistical analysis were to expand on a model that will be first as simple as possible, and second as reliable as possible.
The statistical model developed was a classical model of regression analysis (Shirley Dowdy and Stanley Wearden, 1991) 
Where: Y=vector of dependent variable; X=matrix of independents variables (selected meteorological data); =matrix of relevant coefficients; and =vector of error. Several iterations of the square of correlation coefficient, also called the coefficient of determination (R 2 ), and multiple regressions were necessary to obtain the most reliable model from a statistical viewpoint. Also, the fitting of the polynomial model was analyzed using the same mathematical tool.
Materials and Methods
Sample collection
The material objects utilized in the course of this research were sugarcane bagasse and SCAR. Samples of these materials were collected during the 2009-2010 and 2010-2011 milling seasons at a sugar mill located in the Campinas Metropolitan Region situated in the Sao Paulo state, Brazil (Fig  4) . The samples of both materials were collected monthly. During each collection period the mass of bagasse collected was 50 kg, while the mass of SCAR collected was 100 kg 7 . The bagasse samples were collected directly from the bagasse pile from which the boiler was fed (excluding the semicompacted and hardened bagasse from the surface of the pile, also called the crust) and packed into boxes. All bagasse samples had a storage time of 30 days or more (Fig. 5 a) . SCAR samples (Fig. 5 b) were always collected from different areas (fronts) where the harvesting was previously carried out by sugarcane cutting machines. SCAR samples were collected directly from sugarcane fields, at distances of over 10 meters from the limits of non-asphalted roads to prevent further contamination with particles of dust raised by the trucks during sugarcane transportation. SCAR samples were preferably collected in the afternoon to maximize the solar drying effect and to simultaneously avoid the moisture re-absorption that takes place during the night and in the early hours in the morning before sunrise. SCAR samples were collected in the field using the methods recommended by the International Sugar Association and described in (Beeharry, R.P., 2001) , which consisted of removing all cane tops, with the green and dry leaves remaining in a randomly selected circular shaped area (40m 2 ) in the field. The dates of collection were previously scheduled in such a way that all samples were collected 2-4 days after the sugarcane was cut. This period has been referred to in most studies as the minimum time to reduce the moisture content of SCAR to minimum possible values by natural drying in the field.
In order to determine if any of the component parts of SCAR differed significantly in moisture content, after weighing the SCAR samples they were classified into two groups: tops + green leaves (green matter), and dry leaves+ dry tops (dry matter) (Fig. 6 ). The component parts of SCAR were then weighed again, but this time separately. The criterion for classifying these two groups was based on the color of the material, and the sorting work was conducted by individuals previously trained in this procedure. The classification was carried out in the shortest time (maximum 1 day) after collection to avoid affecting the physical properties of the materials.
Fig 6. SCAR Classification
Physical-chemical characterization of sugarcane residues
Different analyses and experimental tests were conducted to determine the LHVar, moisture content, and ash of bagasse and SCAR. Table 2 shows the methods and equipment used in the present work to characterize sugarcane bagasse and SCAR. The moisture content was measured as the relationship of the weight of water in a sample to the overall weight (wet basis-(wb) in %). The moisture content in SCAR was determined using classical standards (see Table 2 ). The materials (bagasse, tops + green leaves and dry leaves) were previously milled and then were weighed in their respective Petri dishes. The moisture content was calculated as shown in formula (7) After drying, 1kg of each material was sieved to reach the particle size required 8 for the standards of Approximate Analysis, Elemental Analysis and Calorimetric Analysis , respectively. The samples were measured in triplicate, and the weight of each sample was determined according to the requirements of each standard method used.
Meteorological data
In order to study the influence of climatic variables on the moisture content of SCAR, meteorological data was obtained from the Centre for Meteorological Research Applied to Agriculture (CEPAGRI) at the State University of Campinas (UNICAMP) (CEPAGRI , 2011) , SUNDATA, and the Reference Center for Solar and Wind Energy (CRESEB) (SUNDATA, 2010) . The set of meteorological data collected is shown in Table 3 .
8 In most cases the average particle size used was 1.5mm with a geometric standard deviation of 2.2mm. 
Results Discussion
Estimation of SCAR energy content
The characteristics of the samples collected are shown in Table 4 . The average bulk density of the SCAR which was collected was 58 kg/m -3 . The percent of dry and green matter represent 69% and 31% of the mass of the SCAR, respectively. The results also showed that the amount of dry matter increased when SCAR remained on the field for longer periods of time (see samples 2 and 3 in Table  4 ). All samples were collected from the same sugar mill except during the 1 st quarter of 2011, when the maturity of the sugarcane varieties did not match the harvesting requirements. In this period, samples were collected from another mill located in the nearest region. The results of the moisture content determination, the LHVar of bagasse, and the mass of the various SCAR components by the formulas (4), (2), and (1) are shown in Table 5 it is easy to see that both the dry and green components of SCAR were about twice as dry when compared to bagasse, and consequently their LHVar values are higher than the LHVar of bagasse.
The ash content determination, which is a very important characteristic from the boiler slagging and fouling points of view, was not significantly different among all of the analyzed materials.
Behavior of SCAR components from the viewpoint of their energy content during the milling season
Although the average LHVar values of both the dry and green matter of SCAR were practically identical (Table 5 ), a statistical test was carried out on the hypotheses of no significant difference (H0-null hypotheses) of independent means of LHVar for both the dry and green matter, determined by the approximate and bomb calorimeter methods, respectively. That test was necessary to establish if there was a significant difference in the behavior of the heating values for the dry and green components of SCAR during the milling season. The results of the t -test (Studentś test) are shown in Table 6 . The results suggest that rejection of H0 is not statistically justified. Then, from the viewpoint of the energy content, variations in the moisture content in both the dry and green components of SCAR can be treated in the same way as unique materials. Given this fact, hereafter the LHVar of SCAR will be referred to as one value equal to the mean of the LHVar values for both the dry and green matters.
Modeling the influence of meteorological factors on the moisture content of SCAR during the milling season
In the first approach to determine the type of model, a graphical comparison between all independent variables and the moisture content in SCAR was conducted. To do this, the variation of all of the independent variables (meteorological data shown in Table 3 
Fig 7.
Graphical analysis between Y (SCAR moisture content) and X k meteorological data (Table 3) 
Linear multiple regression model
In order to corroborate or reject the character of dependence shown by the graphical analysis, the estimation of the partial correlation coefficients between SCAR moisture (dependent variable Y) and meteorological factors (independents variables Xk) was conducted. Table 7 shows the matrix of the partial correlation coefficients. The variables with higher correlation coefficients resulted (absolute values in descending order): X6, X4, X3, X5, and X1, respectively. From Table 7 is clear that X2 (Daily Solar Radiation) has the lowest value of correlation coefficient with Y. This result corresponds with the results of the graphical analysis. It should also be mentioned that correlation coefficients of Y-X4 (-0.4441032) and Y-X6 (-0.554662) are the largest of all variables set, and both have negative signs. On the other hand, Table 7 shows the existence of multicollinearity between the variables X3-X4, X3-X5, and X4-X5. This is shown by the total rainfall, dry days/months, and average air temperature, with correlations coefficients -0.858618, 0.7943321, and -0.829760 respectively. Considering the inverse relationship between Y-X4 and Y-X6, these graphics were rebuilt in the form of Y-1/ X4 and Y-1/ X6. The new versions are shown in Fig. 8 . The improvement of linearity dependence is clear in the case of Y-1/ X4, but is not so good for Y-1/ X6. In order to assess if the changes suggested from the interpretation of the graphical analysis are mathematically justified, an additional analysis of correlation coefficients was carried out excluding the variable X2 9 , and taking 1/ X4 and 1/ X6 instead of X4 and X6. The results of the analysis of the correlation coefficients with the above mentioned changes are shown in Table 8 . 9 There is suspicion that X 2 is a mediator variable which may distort the inference of one or more variables of the variables set on Y due to the multicollinearity effect The described changes in the variables brought some important consequences from a statistical viewpoint. First, the largest correlation coefficient now corresponds to X1 which had the lowest value (excluding X2). Second, the multicollinearity effect, existing in the previous correlation analysis between the X3-X4 and X4-X5 variables, now is lower than in the first approach. In the case of X3-X5 the correlation coefficient remained unaltered. So, further improvement of the data set required taking additional measures. A multiple regression analysis was carried out, the results of which are shown in Table 9 . The linear model tested was:
Where the y-dependent variable=SCAR moisture content; b0=intercept coefficient; b1, b2, b3, b4, b5, and b6=regression coefficients; x1, x3, x4, x5, and x1=value of variable (meteorological data Table 3 ) Corresponding to this model in the columns of Table 9 , are shown the values of the multiple regression analysis carried out in four steps during the model validation.
st Step
The high value of the determination coefficient (R 2 = 0.699) indicates that the model has a good capacity to explain that y changes are caused by the effect of the independent variables involved. The significance of F (Sig. of F= 0.0024 is < than  =0.05), and the value F = 6.516 is > than F0.5; 5, 13 = 3.03 reaffirms the hypothesis on the significance of the tested regression model. However, the Student test (t) which determines the individual significance of each of the regression coefficients showed that P-Values for Pb0= 0.12, Pb3 = 0.81, Pb4 = 0.78, and Pb5 = 0.22 are > than 2 = 0.1. This situation is derived from the multicollinearity, which has a large influence in the linear multiple regression models. Among all of the regression coefficients, the worst result corresponded to b3, which had the largest P-value (0.8112107).
nd
Step The next step was to exclude X3 from the model (7).
The results of the regression analysis are also shown in Table 9 . In the 2 nd step, the values of the regression statistic were practically the same, but the interception coefficient now became significant, and the P-values of all of the tested coefficients were better, except for coefficient b4, which now was the worst. The results suggest that X3 exclusion diminished the multicollinearity effect. So, from here several calculation steps were carried out in order to obtain a better fitting model, excluding X3.
rd Step
Continuing the model validation process, the variable X4 was excluded and the statistics of the model were recalculated. The results of the 3 rd step are shown in Table 9 . Comparing the results of this step with the others previously calculated, on Table 9 it is obvious that the model's capacity explains the Y variance through selected independent meteorological variables, and X remains practically intact. At this point the P-value of b0 = 0.0103 and b1 = 0.0081 has values < than 2 = 0.1. The next step to improve the model was the same as that which had been used before. The P-value of the corresponding regression coefficient which was the worst from the statistical viewpoint was excluded. In this case the P-value of b5 = 0.022742536.
th Step
The recalculations of the parameters of the regression analysis with the exclusion of X5 are shown in Table 9 . From this Table it is clear that all of the parameters of the regression statistic are worse than those obtained in the previous 3rd step. The P-values of all of the regression coefficients are > than 2 = 0.1. So, it may be concluded that exclusion of X5 did not bring the expected improvement of the linear multiple regression model. Several attempts to improve the regression model obtained in the 3 rd step by the inclusion of the relevant combination of X5 X6 were done without success.
Given the fact that climate is one of most complex factors to predict through meteorological variables, it is practically impossible to totally eliminate the effect of multicollinearity. Regarding that the moisture content of SCAR is a complex phenomenon, not precisely described until today, and considering the level of accuracy required with these types of engineering estimates, it seems to be that the better variant of the linear model (8) was obtained during the 3 rd step: The relevant graphic dependence between the measured moisture content of SCAR (Y) and its predicted values Ÿ by (8) are shown in Fig. 9 . From Fig. 9 it is easy to see that there is very good fit between both Y and Ÿ. 
Polynomial regression model
On the other hand, regarding the dependence between the meteorological data and the moisture content of SCAR (Fig. 7) which was observed, a polynomial regression model (10) was also tested. The procedure to adjust this model was the same utilized for the linear model fit. The model was validated by the exclusion of the independent variable (Xk), which corresponding to the regression coefficient (ask) had the largest P-value in each step. This procedure is well known and therefore it is unnecessary to explain step by step again. The results of the polynomial regression model building are shown in Table 10 . Fig. 10 shows the relevant graphic dependence between the moisture content of SCAR (Y) and its predicted values Ÿ by (11).
Walfrido Alonso Pippo, Carlos A. Luengo, Lidice A. Morales Alberteris, Gilberto Garcí a del Pino, and João Evangelista Neto / American Journal of Biomass and Bioenergy (2014) The comparison of both models shows that the polynomial model fits the data better in terms of the moisture content of SCAR.
Although the polynomial model fitting appears to be better than the linear model, it should be pointed out that the polynomial model excluded the variable X5 (average air temperature). The exclusion of this important meteorological variable made the prediction via the polynomial model less objective from an engineering view point, since temperature is considered a main catalyst of all physical-chemical processes.
The use and limitations of the statistical model for the moisture content forecasting of SCAR
Meteorological and geographical constrictions to model application
Because the model was developed with the meteorological data from the 2009-2010 and 2010-2011 milling seasons, its use would only be possible if the weather conditions were not significantly different from the existing weather conditions in the period when the model was built. Therefore, it is very important to establish under which weather conditions the research was carried out.
According to CEPAGRI (SUNDATA, 2010) the main difference between one year and another that has the largest influence from the agricultural point of view is the average rainfall. According to this meteorological variable the years can be classified as normal, dry, or rainy. In order to establish whether the rainfall during the years in which the research was carried out was significantly different from the years which were classified as normal rainfall, a comparison was done between the average rainfall for the historical series of the normal years, and the average rainfall figures during the 2009, 2010, and 2011 years. Therefore it seems to be that the polynomial and linear models can be used to forecast moisture content for normal rainfall years.
On the other hand, from a geographical perspective, the meteorological data used in the present work corresponds to a radius of up to 100 km away from the meteorological station. The use of meteorological data beyond the indicated distance would require an additional correction to guarantee the adequate precision of the forecasting model.
Methodology for the estimation of SCAR energy content using the models on the moisture content of SCAR
The methodology for the energy content of SCAR through the statistical model has the following steps: 
Assessment of the Energy Use Feasibility of SCAR
Once the energy content of SCAR (LHVar) is estimated using the described methodology, it is possible to calculate the energy use feasibility of SCAR using formula (5). The price of SCAR energy PriceSCARENERGY should be calculated using formula (12) (adapted from (Kumar, A. et al.2002)) ) ). The production costs for the components of SCAR are shown in Table 12 . Previously it has been established that the cost of all energy spent to produce one ton of SCAR is $27.71 (for Brazilian conditions) (Alonso Pippo, et al.2011b) . In order to assess the energy use feasibility of SCAR this value was introduced in the denominator of formula (5), and then the energy use feasibility of SCAR was calculated for first half of the 2012-2013 milling season according to the proposed methodology. The results are shown in Table 13 . The results showed that SCAR energy use has a good feasibility, as the feasibility indicator is at least five times bigger than 1. From Table 13 it is also clear that the feasibility indicators of SCAR energy use were stable (5.7-5.8) during the months of April and May. During June and July the feasibility indicators were lower than in the previous two months. Starting from August it seems that the feasibility indicator rose and reached a figure of 6. Because of the small number of observations of the sample, we were unable to conclude that the 2 nd half of the milling season was better from the 
Conclusions
It is indubitable that the introduction in commercial scale of second generation bioethanol, starting from the lignocellulosic residues of sugarcane, represents an important event from the technological side. To achieve this important goal the large-scale introduction of SCAR energy use needs to be implemented in the sugar agro-industry. Moreover, even though the second generation biofuels based on lignocellulosic matter is an important step, the introduction of SCAR energy use is the most significant advancement from the perspective of sugarcane energy use. Utilizing the energy from SCAR will have a broader and deeper impact on the sugarcane business than lignocellulosic ethanol. The global presence of SCAR not only will influence the industrial equipment utilized, but also the sugarcane harvesting methods utilized, and therefore the social conditions of hundreds of thousands of sugarcane cutters across the world. The combustion efficiency of a fuel depends on multiple factors among them: combustion technology including process conditions, the physic phase of fuel, it particle size etc. One way to compare the average efficiency of combustion between two types of fuels burnt in equal conditions with the same technology is to compare the content of CO2 and O2 in exhaust gases of combustion. According to the IPCC guidelines the emission factor for biomass Bunker C and are 21.1 ton of C. TJ -1 and 29.9 ton of C.TJ -1 , respectively. (IPCC,1996) Assuming this rate (0.706) and η BunkerC= 0.8 was calculate η SCAR Although the energy content of SCAR is recognized as an important energy supply, it is still the least studied of all sugarcane agro-industrial residues. No method exists to evaluate the convenience of utilizing SCAR energy.
The results of the present work have shown that the energy content of SCAR is, at least, five times bigger than the energy required to get it.
It is well known that the moisture content has a negative influence on the energy content of SCAR, but no methodology was found to assess this issue in the open literature. The present work was highly experimental. The experimental studies, as a rule, were lengthy, very expensive, and required the financial support of governments for their implementation. This explains the absence of similar works in the open literature. This situation makes it difficult to compare our results with the results obtained by other groups of researchers, which might contribute greatly to improving the present study.
